ABSTRACT Family-based study design is commonly used in genetic research. It has many ideal features, including being robust to population stratification (PS). With the advance of high-throughput technologies and ever-decreasing genotyping cost, it has become common for family studies to examine a large number of variants for their associations with disease phenotypes. The yield from the analysis of these family-based genetic data can be enhanced by adopting computationally efficient and powerful statistical methods. We propose a general framework of a family-based U-statistic, referred to as family-U, for family-based association studies. Unlike existing parametricbased methods, the proposed method makes no assumption of the underlying disease models and can be applied to various phenotypes (e.g., binary and quantitative phenotypes) and pedigree structures (e.g., nuclear families and extended pedigrees). By using only withinfamily information, it can offer robust protection against PS. In the absence of PS, it can also utilize additional information (i.e., betweenfamily information) for power improvement. Through simulations, we demonstrated that family-U attained higher power over a commonly used method, family-based association tests, under various disease scenarios. We further illustrated the new method with an application to large-scale family data from the Framingham Heart Study. By utilizing additional information (i.e., between-family information), family-U confirmed a previous association of CHRNA5 with nicotine dependence.
. Despite these advantages, family-based studies also have a few disadvantages compared to population-based studies, such as higher requirement of resources (i.e., time and cost) to recruit families and lower statistical power given similar genotyping efforts (Gordon et al. 2001 (Gordon et al. , 2004 Cordell and Clayton 2005; Laird and Lange 2006) . Because of different strengths and weaknesses between population-based and family-based studies, they should be viewed as complementary rather than competitive strategies in genetic research of complex human diseases (Laird and Lange 2006) .
For family-based association studies, the most widely adopted statistical method is the transmission disequilibrium test (TDT) (Spielman et al. 1993) . The TDT considers the heterozygous parents for an allele that is putatively associated with disease and compares the frequency of the allele being transmitted to affected offspring with that of its alternate. The original TDT method was designed only for family triads with dichotomous phenotypes. It was later extended to accommodate various pedigree structures, as well as quantitative characteristics (Lazzeroni and Lange 1998; Spielman and Ewens 1998; Fulker et al. 1999; Martin et al. 2000; Rabinowitz and Laird 2000; Lange et al. 2003) . These extensions have substantially improved the testing power and flexibility of the original TDT, while inheriting the same strength as the TDT (i.e., being robust against PS).
The information in a family-based association study can be generally decomposed into two sources: within-family information and between-family information (Fulker et al. 1999) . Most conventional family-based methods utilize only within-family information and gain a major advantage over population-based methods for their immunity to PS. However, without using the between-family information, conventional family-based methods could also have a reduced statistical power compared to population-based methods. Statistical methods are greatly needed to utilize both sources of information for more powerful family-based association analysis, especially in the absence of PS. Abecasis et al. (2000) proposed a variance-component method to decompose the information into within-family and between-family sources for nuclear families with normally distributed phenotypes. A number of hybrid testing strategies were also suggested to first prioritize SNPs by using between-family information and further test the association by using only within-family information (Van Steen et al. 2005; IonitaLaza et al. 2007; Murphy et al. 2008) . Other work has also suggested unifying two sources of information into a single test statistic by combing the P-values of the family-based test with the rank-based P-values of the population-based test (Won et al. 2009) .
In this article, we propose a nonparametric statistical framework, family-U, for family-based association analysis. Similar to conventional family-based methods, it can be built on within-family information and generally offers robustness to PS. In the absence of PS, family-U is also flexible to integrate the between-family information with the within-family information to enhance the statistical power of the association test. The proposed family-U method has the following properties: (1) It is an entirely nonparametric method without any assumption of the underlying disease model or phenotypic distribution and can be used for analyzing both binary and quantitative phenotypes; (2) it is flexible for all types of pedigree structures, including nuclear families and extended pedigrees; and (3) it utilizes information from all family members for power improvement and offers a convenient way to handle large multigeneration pedigrees. We evaluated the performance of family-U and compared it to a commonly used method, family-based association tests (FBAT). The proposed method was further illustrated via an application to the family data from the Framingham Heart Study.
Methods

Notations and hypothesis
We introduce notations, using quantitative phenotypes as an example. The extension to binary phenotypes follows straightforwardly. Suppose we have a study population with N subjects collected from M pedigrees. The ith pedigree comprises n i subjects, where
We denote y i; j as the phenotype of the jth subject from the ith pedigree; x i; j as its genotype of a particular single-nucleotide polymorphism (SNP), where x i; j 2 fAA; Aa; aag; 1 # i # M; and 1 # j # n i : Let Y i ¼ ðy i;1 ; y i;2 ; :::; y i;n i Þ9 and X i ¼ ðx i;1 ; x i;2 ; :::; x i;n i Þ9 be the phenotypes and genotypes for the family members in the ith pedigree, 1 # i # M: Assuming the SNP is associated with phenotypes, the phenotypic value of the jth individual in pedigree i can be expressed as
where m AA ; m Aa ; and m aa are the expected phenotypic values for individuals with genotypes AA, Aa, and aa, respectively. I(.) is an indicator function, and e i; j is the random error with Eðe i; j Þ ¼ 0, for any 1 # i # M; 1 # j # n i ; and
For simplicity, we assume here the covariance is the same for any two members from the same pedigree. In the following section, we discuss alternative ways of modeling relationships between family members (e.g., s PC for parentoffspring pairs and s CC for sibling pairs). To examine the association between the phenotypes and genotypes, we can test the following hypothesis:
(1)
Family-U statistics
In this section, we propose two types of family-U statistics: a within family-U statistic using within-family information only and an overall family-U statistic using both within-family and between-family information.
Within family-U statistics: We first propose a within family-U statistic based on the within-family information, which is generally robust to PS. For any pedigree i, we first define Overall family-U statistics: In the absence of PS, betweenfamily information can also be used for power improvement. Therefore, we introduce an overall family-U statistic that combines both between-family information and within-family information. We first define S AA ¼ fði; jÞjx i; j ¼ AAg and S c AA ¼ fði; jÞjx i; j 6 ¼ AAg. Let N AA ¼ j S AA j and N 2 N AA be the number of individuals with genotype AA and genotype Aa/aa in the entire study population, respectively. We consider a two-group U-statistic comparing individuals carrying genotype AA and individuals carrying genotypes Aa/aa,
wherem AA andm AA c are the estimated sample means for individuals carrying genotype AA and genotype AA/aa in the study population. The overall family-U statistic compares individuals carrying genotype AA with those carrying genotypes Aa/aa within a pedigree and across different pedigrees and thus combines both within-family and between-family information for detecting an association. In a similar fashion, two-group Ustatistics can be defined for the other genotypes (i.e., Aa and aa),
Based on these three U-statistics, we form a multivariate Ustatistic,
to test the null hypothesis expressed in Equation 1. We reject the null hypothesis if the overall family-U statistic (U Overall ) significantly deviates from 0.
Family-U statistics for binary phenotypes: The method can be simply extended to handle binary phenotypes. For the binary phenotypes, we use a different kernel function,
1 if y i 1 ; j 1 ¼ 1; y i 2 ; j 2 ¼ 0:
Both within family-U and overall family-U statistics can then be defined accordingly. By using the above kernel function, the within family-U is an extended stratified Mann-Whitney U considering family correlations, and the overall family-U is equivalent to an extended Mann-Whitney U with the consideration of correlations among family members.
Statistical inference
In Supporting Information, File S1, we show that under the null hypothesis of no association, both within family-U and overall family-U statistics have asymptotically a degenerate multivariate normal distribution with one and only one linear constraint. We illustrate the association test by using the within family-U statistic. In File S1, we show that the above test statistic follows asymptotically a mixture of chi-square distributions. Several approximations and exact methods have been proposed to obtain the distribution of a mixture of chi-square distributions (Davies 1980; Liu et al. 2009; Duchesne and Lafaye De Micheaux 2010) . In this article, we adopt the Liu method that matches three moments of test statistics (Liu et al. 2009 ).
Results
Simulation studies
Simulation studies were conducted to compare the performance of the family-U statistics with a commonly used FBAT method, with respect to power, type I error, and robustness against PS. FBAT extends the original TDT method in which alleles transmitted to affected offspring are compared with the expected distribution of alleles among offspring Lake et al. 2000) . Since it was developed, it has been widely used in family-based association studies of complex diseases, such as asthma, Alzheimer's diseases, and psychiatric disorders (Demeo et al. 2002; Saunders et al. 2003; Smoller et al. 2003 Smoller et al. , 2005 Lyon et al. 2004 ). In the simulation, FBAT was conducted by using software fbat204-beta_win and its default setting, which assumes an additive genetic effect model and a null hypothesis of "no association and no linkage."
Simulation without population stratification: The first simulation was conducted to evaluate the performance of two methods in the absence of PS. We first simulated a source population with 1 million unrelated individuals. The genotypes of founders were sampled from the source population with an assumption of Hardy-Weinberg equilibrium. The genotypes of offspring were further generated based on the genotypes of parents, assuming Mendelian transmission. Three types of family structures were considered: nuclear families with four family members (i.e., mother, father, and two offspring), three-generation pedigrees with eight family members, and a mixture of nuclear families and three-generation pedigrees (Figure 1 ). For each pedigree setting, we simulated 1000 replicates to evaluate power and 100,000 replicates to evaluate type I error rates at various significance levels (i.e., 0.05, 0.01, and 0.001). In each replicate, the total number of subjects was fixed at 1440, which corresponded to 360 nuclear families, 180 three-generation pedigrees, and 120 mixed pedigrees (120 nuclear families plus 120 three-generation pedigrees). For simplicity, we assumed the causal SNP had a minor allele frequency of 0.4 in the source population. We considered both quantitative and binary phenotypes and simulated the phenotypic values by assuming an additive genetic model. For quantitative phenotype, we simulated the phenotype as
(2) Figure 1 Pedigree structures used in the simulation. Left, a nuclear family with mother, father, and two offspring; right, a three-generation pedigree with three generations and eight family members.
where e i; j Nð0; 1Þ; and b 0 is the average phenotype in the population.
For binary phenotype, we simulated the phenotype by using log Pðy i; j ¼ 1Þ Pðy i; j ¼ 0Þ
where b 0 was adjusted to ensure that the disease prevalence was 5% in the source population. For binary phenotype, we selected families with at least one affected member from the source population.
Simulations with population stratification: The second simulation was conducted to evaluate the performance of the family-U statistics and FBAT in the presence of PS. To simulate genotype data, the allele frequency of the ancestral population (p) was sampled from a uniform distribution, Unif [0.1, 0.4]. We assumed the samples came from two subpopulations. The allele frequencies of subpopulations were generated using the Balding-Nichols model (Balding and Nichols 1995) and were sampled from a beta distribution, bðpðð1 2 F ST Þ=F ST Þ; ð1 2 pÞðð1 2 F ST Þ=F ST ÞÞ; where F ST measured the severity of PS. The genotypes of founders were sampled from the source population with an assumption of Hardy-Weinberg equilibrium. The genotypes of offspring were then generated based on the genotypes of parents, assuming Mendelian transmission. Assuming an additive model, both quantitative and binary phenotypes were simulated using Equations 2 and 3. The two subpopulations had varying baseline parameters, b 0 and b 0 ; representing different average phenotypes or disease prevalence. The values of b 0 and b 0 were adjusted to ensure that the average quantitative phenotype was 0 and the disease prevalence was 5% prevalence in the combined population. Similar to a previous study (Won et al. 2009 ), we increased the levels of PS by varying F ST from 0.1 to 0.2.
Alternative ways of modeling family relationship: For the fast computation of large-scale family data, especially those involving multigeneration pedigrees, we assumed a simple covariance structure (i.e., the covariance is the same for any two members from the same family). Alternatively, there were different ways of modeling family structures. For instance, we could model different relationships with different parameters (e.g., s PC for parent-offspring pairs, s CC for sibling pairs, and s PP ¼ 0 for unrelated parents). Or, if we assumed the correlation between family members was primarily due to their genetic similarity, we could also model covariance as a function of kinship coefficient. In this simulation, we compared two different approaches (i.e., using the same covariance for family members vs. using different covariance parameters for family members) of modeling family structure.
Simulation results
In the simulation, we calculated power as the probability of detecting the causal SNP and type I error as the probability of detecting the noncausal SNP. For simplicity, we evaluated the performance of family-U based on the Euclidean distance. As we show in Table S1 , the performance of family-U by using two distance measurements, the Mahalanobis distance and the Euclidean distance, was very similar.
Simulations without population stratification: The performances of three methods, overall family-U, within family-U, and FBAT, are summarized in Table 1 . The results showed that the type I error rates were properly controlled for all three methods at various significance levels. In terms of power, overall family-U attained the highest power for all three pedigree structures (i.e., nuclear, three-generation, and mixed pedigrees) and two types of phenotype (i.e., quantitative and binary phenotypes). The power of within family-U was also consistently higher than that of FBAT in the simulated scenarios. For quantitative phenotypes, the performance of both overall family-U and FBAT was relatively stable across different pedigree structures, while the power of within family-U was improved as the size of pedigree increased. It is worthwhile to note that FBAT follows the conventional TDT strategy and uses only information from heterozygous parents, while family-U can utilize information from homozygous parents if their genotypes are different (e.g., AA and aa). Therefore, compared to FBAT, within family-U considered additional information from homozygous parents and information across generations (e.g., grandparentsgrandchildren) and thus gained power increase in threegeneration pedigrees. Nevertheless, for nuclear families (e.g., mother, father, and two offspring), such information may be limited (e.g., no cross-generation information), and we would expect limited power improvement of family-U over FBAT.
For binary phenotypes, the performance of both overall family-U and within family-U remained the same for different pedigree structures, while the power of FBAT was reduced for three-generation pedigrees. FBAT counts only those affected offspring with heterozygous parents, while family-U utilizes information from all family members, no matter whether the affected member was a founder or an offspring. By using all available information from threegeneration and mixture pedigrees, family-U attains power improvement over FBAT.
Simulations with population stratification: The performances of three methods, overall family-U, within family-U, and FBAT, in the presence of PS are summarized in Table 2 .
Both within family-U and FBAT were robust to PS, and their type I error rates were properly controlled at the 5% level under different levels of PS. However, because the betweenfamily information is confounded by population stratification, the overall family-U had inflated type I error. The inflation of type I error also increased with the increasing level of PS (i.e., higher value of F ST ). In terms of power, the performance of the three methods was consistent with the results of simulation without PS; i.e., overall family-U and within family-U attained higher power than FBAT.
Alternative ways of modeling family relationship: The correlations between family members can also be modeled differently. In this simulation, we compared a more complex covariance structure to the simple covariance structure used in the methods. In Table 3 , we summarize the performance of family-U with two covariance structures. When complex family relationship was specified, the type I error was properly controlled at the 5% level. Moreover, the power of family-U based on a complex covariance structure is also comparable to that of family-U with a simple covariance structure. The results were also consistent for all pedigree structures (i.e., nuclear, three-generation, and mixture pedigrees) and types of phenotype (i.e., quantitative and binary phenotypes). This result suggested that the performance of family-U was robust to the specification of family relationships.
Application to the Framingham Heart Study
The Framingham Heart Study (FHS) is a long-term, ongoing prospective cohort study based on residents of the town of Framingham, Massachusetts. The study was initiated in 1948 with 5209 subjects from Framingham and now has a third generation of participants. A detailed description of the recruitment can be found elsewhere (Splansky et al. In this application, we were interested in studying a nicotine dependence (ND)-related phenotype, measured by the number of cigarettes smoked per day. The phenotype of interest was measured in 5197 subjects from 954 pedigrees. The pedigree structures were highly diverse. Among 954 pedigrees, 268 pedigrees were singletons. The remaining 686 pedigrees had an average of 7.2 genotyped members, including 13 pedigrees with .30 members. As an illustration of our proposed method, we focused on 24 SNPs within a genomic region between 50,000 base pairs upstream and downstream of a candidate gene, CHRNA5, which had been repeatedly reported for its association with nicotine dependence and lung cancer (Saccone et al. 2010; Chen et al. 2012; Hartz et al. 2012) . Both family-U and FBAT were applied to evaluate the association between these 24 SNPs and the quantitative phenotype, the number of cigarettes smoked per day. The results are summarized in Figure  2 . By using a nominal threshold of 0.05, 4 SNPs were found to be significantly associated with the phenotype by using overall family-U. Although none of the SNPs were significant, 3 SNPs reached marginal significance (P-values between 0.05 and 0.1) by using within family-U, and 1 SNP was marginally significant (P-value = 0.095) by using FBAT. Overall, the results were consistent with the simulation results. Because the majority of the study population is Caucasian and evidence from previous studies indicated PS was not a major issue in the FHS Wilk et al. 2009 ), we would expect the overall family-U test has more advantage over the within family-U test and FBAT for the association analysis.
Discussion
Since the foundational work by Hoeffding (1948) , the Ustatistic has been adopted in a wide variety of research areas, providing statistical inferences that are distributionfree. Several formations of the U-statistic were recently adopted in population-based association studies for detecting genetic variants underlying complex human diseases (Schaid et al. 2005; Wei et al. 2008; Li et al. 2011) . These U-statistic-based methods have shown great promise, especially when underlying phenotype distributions and modes of inheritance are unknown (Li 2012) . Despite its advantages, the U-statistic has been rarely used for family-based studies. In this article, we introduced a flexible framework of the U-statistic, family-U, for family-based association analysis. The proposed family-U makes no assumption of pedigree structures, modes of inheritance, and phenotype distributions, which makes it useful for the analysis of various types of data. Family-U can be built on within-family information (i.e., within family-U), which provides robust protection against PS. In the absence of PS, it could also combine both within-family and between-family information (i.e., overall family-U) to enhance the power of association analysis. Through simulations, we have shown that both overall family-U and within family-U attained higher power than FBAT. The power improvement of within family-U over FBAT is primarily because it makes use of additional information (e.g., cross-generation information and information from homozygous parents) in each pedigree. Overall family-U can further improve the power if there is no PS. Recently, Won et al. (2009) proposed a strategy to rescale the family-based test statistics by the ranks of their population-based test Pvalues. Such a strategy will generate uniformly distributed P-values under the null hypothesis of no association, which maintains the robustness to PS. In the meantime, statistical power can be improved by combining P-values of the familybased test with the P-values of the rank-based populationbased test. Such a strategy can potentially be adapted into the proposed family-U framework to integrate within family-U and overall family-U statistics into a single test statistic. In this article, the proposed method was illustrated by using a single SNP. However, it can be easily extended to multiple SNPs with the consideration of interactions. For example, nine genotype combinations can be formed by two SNPs. The corresponding multivariate U-statistic would be formed by nine univariate U-statistics. We have proposed two distance measurements, Mahalanobis distance and Euclidean distance, in family-U. When genetic interactions are considered, the dimensionality of multivariate U-statistics will increase rapidly with the number of SNPs (e.g., nine genotypes for two biallelic SNPs). It is also worthwhile to note that the test statistic based on the Euclidean distance can be estimated without any matrix inversion. The Euclidean distance can be computed more efficiently than Mahalanobis distance and thus is more appropriate for high-dimensional data analysis. When a single SNP is tested, Mahalanobis distance is arguably preferred (Table S1 ), especially when the pedigree structure is simple and the genetic effect is presumed to be additive.
There are certain limitations of the proposed method. First, within family-U is robust against PS under the assumption that all members from same pedigree have a similar ancestry background. For data with mixed ethnicities within each pedigree, the covariance structure should be modeled by the genetic relationship matrix (e.g., the identity-by-state matrix) estimated from genetic data to provide the robustness against PS (Kang et al. 2010; Thornton and McPeek 2010) . Covariate adjustment is also an important and challenging topic in U-statistics. Zhu et al. (2012) developed a nonparametric covariate-adjusted association test for both population-based and family-based association studies. Recently, we also proposed a projection method for covariate adjustment in the U-statistic (Wei et al. 2014) . These methods can be potentially used for covariate adjustment in family-U.
In the empirical data application, we focused on one candidate gene, CHRNA5, which was found to be associated with various complex disorders, such as nicotine dependence (Bierut et al. 2008; Chen et al. 2012 ; Hartz et al. 2012), lung cancer (Amos et al. 2008; Hung et al. 2008; Wang et al. 2009a) , chronic obstructive pulmonary disease (Pillai et al. 2009 ), cocaine addiction , and alcohol dependence (Wang et al. 2009b ). In our application, none of the SNPs within the gene region was significant. However, four SNPs, rs1504545, rs12902493, rs16969931, and rs3813571, had nominal P-values ,0.05, all of which were located upstream of the gene. Previous studies indicated that the expression level of CHRNA5 appears to be regulated by genetic factors upstream of the gene (Wang et al. 2009a,b; Smith et al. 2011) . Although it is biologically plausible that these SNPs may contribute to smoking behavior, further studies are required to validate this finding. 
Supplementary Materials
In this section, we give the theoretical details for the proposed test statistics. For simplicity, we assume a quantitative phenotype and 3 genotype groups from a single singlenucleotide polymorphism (SNP). However, it should be noted that our method is also applied to binary phenotypes and more than 3 genotype groups formed by multiple SNPs simultaneously (e.g. 9 genotypes for 2 SNPs). The extension to binary phenotypes and multi-SNP test follows straightforwardly.
Asymptotic Distribution of Family-U Test Statistics
In the section 4 of this Supplementary Materials, we show both within family-U and overall family-U follow asymptotically a degenerate multivariate normal distribution with one and only one linear constraint. Therefore, it is easy to show that the Mahalanobis distance,
, follows asymptotically a Chi-square distribution with 2 degrees of freedom.
To study the distribution of Euclidean distance,
{AA,Aa,aa} g  , it should be noted that the variance-covariance matrix of U is a positive semidefinite matrix. Denote
, and there exists an orthogonal matrix P such that 0 1 2 3 (λ ,λ ,λ ) P P diag   and 1 2 3 λ ,λ ,λ 0  .
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, where λ k are the eigenvalues of 0  . In our study, because the rank of 0  is 2, one of the eigenvalues will be 0.
Therefore, the Euclidean distance of U, 2 E U   , follows a mixture of Chi-square distributions,
Empirical Estimation of the Variance-Covariance Matrix of Family U-statistic
In this section, we provide the estimation of covariance matrix for within family-U. The estimation of overall family-U follows similarly.
We use the same notation as those used in the main text. Suppose we have a study population with N subjects collected from M pedigrees. The i-th pedigree comprises of i n subjects, where 
Performance of Test Statistics: Mahalanobis distance Vs. Euclidean distance
Additional simulation was conducted to compare the performance of family-U by using two distance measurements. In the simulation, two genetics models, an additive genetic effect model and a dominant genetic effect model, were studied.
The simulation results are summarized in Table S1 . Overall, the results indicated that two distance measurements had similar performance. The type I error rates were properly controlled for both distance measurements. Mahalanobis distance showed slightly advantage under an additive genetic effect model, particularly for within family-U with nuclear families. On the other hand, Euclidean distance performed better under a dominant effect model, except for within family-U with nuclear families.
Performance of Family-U and FBAT when Founders Come from Different Ethnic
Groups
We conducted an additional simulation to provide insights on the performance of family-U when population admixture exists within pedigrees. For this limited simulation, we simulated 360 nuclear families with mother, father, and two offspring (totally 1,440 individuals). Among these families, we respectively selected 10%, 30% and 50% families and sampled the parents from two sub-populations with different levels of population stratification (i.e. Fst=0.1 and Fst=0.2). For the selected families, the phenotypes of parents were simulated according to their corresponding subpopulations, while the phenotypes of offspring were simulated by a summation of allelic effects that varied in their parental subpopulations. In addition to FBAT and within family-U, we also considered a modified within family-U test, within family-U-M test, which excludes the pair comparison between founders.
The simulation results are summarized in Table S2 . In the presence of PS, the type I error rates of FBAT were well controlled. For within-family U, the type I error rates were inflated, especially for binary phenotypes. By excluding the founder pairs, the type I error rates of within family-U-M were reduced, but were still inflated, especially when the admixture proportion is high (i.e. Fst=0.2)
Family-U Statistic and its Linear Constraint
Within family-U Statistic
Without losing generality, we assume that every pedigree includes members with all 3 possible genotypes. The pedigrees that do not have members with certain genotype will not contribute to the within family-U statistic, and therefore can be ignored. 
